Identifying the genetic and environmental factors underlying phenotypic differences between populations is fundamental to multiple research communities. To date, studies have focused on the relationship between population and phenotypic mean. Here we consider the relationship between population and phenotypic variance, i.e., "population variance structure." In addition to gene-gene and gene-environment interaction, we show that population variance structure is a direct consequence of natural selection. We develop the ancestry double generalized linear model (ADGLM), a statistical framework to jointly model population mean and variance effects.
Introduction
Many complex phenotypes differ dramatically in their distributions between populations due to genetic and environmental factors. Both broad 1, 2 and fine-scale 3 population differences are central to epidemiology 4 , pharmacogenomics 5, 6 , biomedicine 7 , and population genetics 8, 9 . In the context of association studies, statistical correction methods for population structure, such as principal components 10 and linear mixed models 11 , have helped identify thousands of loci associated with hundreds of complex traits 12 . This underscores the importance of understanding the causes and consequences of fine-scale population variation.
To date, studies of phenotypic differences between populations and statistical correction methods have primarily focused on variation in population means. As we demonstrate below, while studying fine-scale population structure in UK Biobank, we discovered that phenotypic variance, in addition to phenotypic mean, varies between populations. Such "population variance structure" (in analogy to "population mean structure") can produce substantial phenotypic differences between populations and has major biological and statistical implications. For example, we recently showed for sex-biased diseases, even a small difference in a disease's liability variance can double its prevalence between groups 13 . Various evolutionary models 14 also suggest that changes in phenotypic variance allow populations to adapt quickly in response to environmental perturbations 15 .
Although the causes and consequences of phenotypic variance heterogeneity remain poorly understood, several factors could drive population variance structure. First, it can result from non-linear interactions among genotypes (i.e. epistasis). Admixture between genetically diverse populations can disrupt fine-tuned epistatic interactions, increasing phenotypic variance 16, 17 . Similarly, gene-environment interactions 18 (GxE) can induce changes in phenotypic variance when environmental exposures differ between populations. Secondly, population variance structure can emerge under additivity. Phenotypic variance itself is a genetically-controlled quantitative trait 19, 20 , and as such the frequency of alleles associated with different levels of variability (vQTLs) may differ across populations. Here we also demonstrate, for the first time, that natural selection can directly induce phenotype-variance structure.
To identify and model population variance structure we develop the Ancestry Double
Generalized Linear Model (ADGLM). ADGLM accommodates arbitrary phenotypic and covariate distributions while accounting for broad-and fine-scale population structure of phenotypic mean as well as variance. Recent work has shown that modeling ancestry-variance effects can reduce biases of GWAS test statistics 21, 22 . However, these methods are limited to modeling binary responses 21 or major population groups 22 . Other studies tested for genotypes associated with phenotypic variance (vQTLs) 23 , but did not model population-variance relationships [24] [25] [26] , which generates false-positives when population variance structure exists. We show via extensive simulations that ADGLM reliably detects phenotypic variance structure and is robust to several violations of model assumptions.
To examine the utility of our approach, we first test for population variance structure with ADGLM in several large human datasets. We discover ancestry-variance associations for 12 of 
Material and Methods

Phenotypic models
For a continuous phenotype , we assume We used the R packages "dglm" and "glmx" for continuous and binary phenotypes, respectively, and the exponential variance link function throughout. Though we include a variance intercept term in continuous phenotypic models, we constrain it to one (1 = exp (0)) in binary phenotypic models to obtain identification. In the "dglm" package, standard errors of variance terms are approximated based on the leverages of the variance covariates 40 and thus do not depend on the phenotype if it is scaled. These ancestry and genetic association tests, along with the diagnostic test for residual variance population structure, are implemented in the ADGLM code we released.
Simulating data from a structured population
We simulated data from a structured sample of two population as follows. . We took a sample of 200 individuals (100 per population), which has population variance structure when 7 2 is non-zero. For the Figure 2 simulations with no genetic effect, m = 10,000 SNPs, ' = 0, 7 = 0, 1 2 = 0.2, 7 2 = 1.4. For the and negative with probability 1 − p, where %: is population MAF. Since the Balding-Nichols model produces identical frequency spectra for all populations, p = 0.5, and '% and ancestry are perfectly correlated at half of the SNPs. Finally, under strong selection, the sign of '% is made positive if %@ > %2 and negative otherwise, so '% and ancestry are perfectly correlated at all SNPs. These sign changes result in effect sizes '% * .
For the i th individual, we simulated independent error as : ~ (0, 1 2 ) and phenotype as : = ∑ '% * :% % + : . We did this for 2000 SNPs from a sample of 100 individuals for 1000 replicates.
Outlier simulations
We simulated data from 1000 individuals for 1000 replicate simulations under the null ( 7 2 = 0) and alternative ( 7 2 = 0. 
UK Biobank
We obtained UK Biobank data and restricted our analysis to ~113K British-ancestry individuals.
We performed quality control steps as in a previous work 42 , resulting in genetic PCs and continuous phenotypes which are standardized to have mean 0 and standard deviation 1. We additionally quantile-normalized continuous phenotypes. For the variance association test, we adjusted for assessment center, genotype array, sex, age, and PCs 1-10 in the mean. We tested for variance effects (age, sex, PCs1-5) one at a time. The associated traits include ten blood traits, 15 disease traits, body mass index (BMI), blood pressure, educational attainment, basal metabolic rate, two measures of baseline lung function (forced expiratory volume in 1 second, FEV1, and forced vital capacity, FVC), age at menopause, hair pigment, skin pigment, and tanning.
SAGE II and GALA II datasets
The Study of African Americans, Asthma, Genes & Environments (SAGE II) 43 and Genes- 
GALA II methylation
We used QC for GALA II methylation data from whole blood as described in Galanter et al.
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, resulting in batch-and cell type-adjusted methylation at 321,503 autosomal probes. Of the 124
Mexican individuals with methylation measurements, we removed those with outlier Native
American ancestry (> 2 s.d. from the mean), leaving 117 individuals. We quantile-normalized methylation values and adjusted for age, sex, ancestry fraction, and asthma case status.
Results
Sources of population variance structure
Many studies have explored how genotype-by-environment interactions 18 and epistasis [49] [50] [51] may lead to a shift in phenotypic variance as a function of allele frequencies or environmental factors. Here, we consider another possibility: that differential selection between populations causes population variance structure under a purely additive model. To address this question, we simulated admixed populations that experienced differential selection.
We first generated allele frequencies at 2,000 SNPs from two ancestral populations under the Balding-Nichols model 41 . We then simulated effect sizes consistent with natural selection by correlating effect size and allele frequency difference between populations. We used a correlation of 0.0 under neutrality, 0.5 for weak selection, and 1.0 for strong selection.
Finally, we simulated phenotypes using an additive model for a sample of 100 two-way admixed individuals composed of these ancestral populations with an average ancestry fraction, . Under neutrality, neither phenotypic mean nor variance depends on ancestry fraction ( Figure 1 ).
However, after either weak or strong selection, both phenotypic mean ( Figure 1A ) and variance ( Figure 1B ) depend on ancestry. This demonstrates that differential selection between populations is sufficient to induce population variance structure. In humans, strong, geneticallybased ancestry-phenotype correlations are likely due to selection 52 , and may therefore be accompanied by population variance structure.
Ancestry-variance association tests
We first assessed the performance of the ancestry-variance test ( 7 2 ¹0) with ADGLM by applying it to simulated data from a structured sample of two populations (P1, P2) with MAFs @ and 2 . Since the MAF difference ( @ − 2 ) determines the genetic variance difference
) between populations, we considered three types of SNPs based on their MAF in the two populations: SNPs with a MAF difference that is large and negative ( @ = 0.05, 2 = 0.5), large and positive ( @ = 0.5, 2 = 0.05) and those with no MAF difference ( @ = 0.5, 2 = 0.5). We simulated 10,000 SNP genotypes and continuous phenotypes for 100
individuals from each population for a range of g, , 7 2 values. Under the null (no ancestryvariance effect 7 2 = 0), ADGLM is calibrated with a false positive rate of 0.052 when 7 = 0 and 0.054 when 7 = 0.2 at ∝ = 0.05 (also see Table S1 ). Under the alternative ( 7 2 = 1), population P1 has greater phenotypic variance than P2, creating population variance structure in their combined sample. Here, ADGLM has power 0.463 when 7 = 0 and 0.445 when 7 = 0.2 at ∝ = 5 uv .
Effect of population variance structure on genetic association tests
Genome-wide association tests commonly correct for population structure by using linear , and 2C, rs is 0.98, 1.037, and 1.042, respectively. We also applied a standard LMM with ancestry as a fixed effect and the genetic relationship matrix as a random effect. LMM has the same miscalibration as LR+PC ( Figure S1 ), so we do not consider it further.
Next, we assessed the performance of tests for g¹0 on data simulated with a range of mean genetic ( g), mean ancestry ( ), and ancestry variance ( 7 2 ) effects ( Table 1, Table S1 ).
When g=0 and 7 2 = 0, linear regression without ancestry adjustment (LR) is calibrated in the absence of population mean or variance structure (rows 1-3). However, LR is miscalibrated if there is population mean structure (row 4) or population variance structure and a MAF difference (rows 6-7). LR+PC and ADGLM perform similarly in the absence of population variance structure: they are calibrated (rows 1-4) and have similar power (row 8), despite ADGLM fitting an additional parameter. When there is population variance structure, ADGLM and LR+PC are calibrated if there is no MAF difference (row 5), whereas only ADGLM is calibrated if there is a MAF difference (rows 6-7). When g¹0 and MAFs are the same, ADGLM is more powerful than LR+PC (rows 9-10). When MAFs differ, LR+PC has less power than ADGLM (row 11) or an elevated false positive rate (row 12).
Finally, we examined the power of genetic association tests ( g¹0) for varying ancestryvariance effects, 7 2 . Power gains of ADGLM over LR+PC increase with 7 2 when MAFs are the same ( Figure 3B ) and when P1 MAF is less than P2 MAF ( Figure 3C ). When this MAF relationship is reversed, LR+PC has false positives, and ADGLM retains its power ( Figure 3A ). , Figure S2 ) and is implemented in the ADGLM code repository.
Sensitivity of ancestry-variance test to model assumptions
Double generalized linear models, like most linear models, assume regression errors are normally distributed 23 . We assessed the robustness of testing for 7 2 ¹0 with ADGLM to violations of this assumption. We examined the ability of two transformations to reduce Type 1 errors under model misspecification: inverse-quantile normalization ("normalization") and outlier removal ("truncation").
We simulated data under the null with heavy-tailed errors (t-distribution, df=6) and 
Variance effects in UK Biobank
Individuals from the British Isles have fine-scale population structure which is evident in a large sample 53 . To investigate whether ADGLM can detect fine-scale population variance structure, we applied ADGLM to ~113K British-ancestry, deeply-phenotyped individuals from UK Biobank (UKB, Supp. Materials). We tested binary, ordinal, and quantitative phenotypes (scaled to have mean 0 and variance 1). We included assessment center, genotype array, sex, age, and PCs1-10 as mean effects and tested for population variance structure ( 7 2 ¹0) with ADGLM. We focus on genetic PCs1-5, which represent geographic population structure in UKB; PC1, specifically, is correlated with a geographic north-south cline 42 .
PC1 is associated (nominal p<0.05) with the phenotypic variance of 17 of 29 tested nondisease traits (Table S2) , 12 of which are significant after Bonferroni correction (Table 2 ).
Interestingly, 6 of these 12 associations are only with phenotypic variance, and not mean (absolute correlation of phenotype and PC1 < 0.01). Corpuscular hemoglobin has the strongest PC1 variance association among continuous traits ( Figure S4 ). In addition, PCs2-5 are associated with the variance of 18 traits (Table S3) , representing finer-scale population variance structure: PC3, which is also correlated with a north-south cline 42 , has the strongest of these variance associations.
We also investigated whether age and sex are associated with phenotypic variance because age varies non-linearly with several phenotypes and different sexes represent different environments 13 . Of the 44 phenotypes tested, 33 have age-variance associations, and 17 have sex-variance associations (Table S2) . Overall, population variance structure, age-and sexvariance associations are prevalent in a large sample of British-ancestry individuals.
Variance effects in admixed populations
For the remainder of this work, we focus on three admixed populations from two asthma and Using ADGLM ancestry-variance tests ( 7 2 ¹0), we find numerous associations (nominal p<0.05) of ancestry in Figure 5 (also see Tables S4-7) , as well as age and sex (Tables S4-7) with phenotypic variance. The ancestry-variance effect sign for a given phenotype is the same across populations except for asthma, which has a negative African variance effect in Puerto 
ADGLM GWAS in admixed populations
We tested for genetic associations ( g¹0) of common SNPs (MAF>0.05) in the admixed datasets above using both ADGLM, which corrects for population variance structure, and LR+PC, which does not. We represent ancestry using two ancestry fractions (African and European) for Puerto Ricans and Mexicans, and one (African) for African-Americans. Effect sizes for dichotomous traits (such as eczema) cannot be compared directly because they were obtained through probit regression. We discover two novel SNP associations with ADGLM, neither of which is significant with LR+PC: in Table S8 , rs9808780 is associated with eczema in
Mexicans and Puerto Ricans (p=1.53e-8) and rs113736578 is associated with rash in Puerto Ricans (p=2.14e-8). We next compared ADGLM to LR+PC at GWAS associations in the NHGRI catalog 48 , thinned to one SNP per locus. Since ADGLM is less inflated than LR+PC (Table S9) , we genomic control 47 adjusted test statistics when λGC >=1 to be maximally conservative. For the 46 GWAS SNPs in our datasets, 12 SNPs replicate with either test (padj < 0.05, Table 3 ;). Of these, 11 have a more significant p-value from ADGLM than LR+PC, indicating that ADGLM has better power to detect genetic associations than LR+PC.
Variance QTL
We next tested for genetic variance associations ( ' 2 ¹0) with ADGLM to find variance quantitative trait loci (vQLTs) in the admixed datasets above. For Mexicans and Puerto Ricans, we included genotype in the mean model and adjusted for ancestry, age, and sex in the mean and variance models; we did the same for African-Americans, adjusting for significant variance covariates (Table S6) . We detect 17 vQTLs after genomic control adjustment (padj < 5e-8) in Table 4 ; the corresponding λGC values are in Table S10 . The associations with hives in Mexicans, height in Puerto Ricans, asthma in African Americans, and tanning in African
Americans are each detected in only one population. Of the 17 genetic variance associations, only 3 also have significant mean effects (rs1640275, rs117344403, rs55837614).
Methylation association studies
DNA methylation, an epigenetic mark which is affected by environmental factors 27 , varies across disease phenotypes 28 and ancestry
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. To characterize the relationship of methylation and ancestry variance, we analyzed quantile-normalized methylation from 117 Mexican individuals.
We adjusted for the mean effect of age, sex, ancestry, and asthma case status. We tested for ancestry-mean effects ( 7 ¹0) with ADGLM and LR+PC, as well as ancestry-variance effects ( 7 2 ¹0) with ADGLM, resulting in Q-Q plots in Figure S5 and Manhattan plots in Figure S6 . After Bonferroni correction, ADGLM identifies eight loci with ancestry-mean effects and 42 loci with ancestry-variance effects, 4 of which also have significant mean effects (Table S11) . LR+PC, by contrast, only identifies one mean association, which is declared as a significant variance association, but not a mean association, by ADGLM.
Discussion
In this study, we describe the presence of and discuss the importance of population variance structure, the difference of phenotypic variance by population. To model ancestry-variance relationships, we developed a novel statistical framework, the ancestry double generalized linear model (ADGLM). Unlike existing variance models, ADGLM accounts for continuous and discrete definitions of ancestry, arbitrary covariates, and binary or continuous phenotypes. We used ADGLM to discover many ancestry-variance associations in a British-ancestry and admixed human populations for a wide range of binary and continuous traits, including diseases and methylation, many of which have been subject to natural selection 42, 56, 57, 59, 60 .
When ancestry is related to phenotypic variance, genetic association tests with standard population structure corrections (e.g. linear regression with principal components adjustment or linear mixed models) are miscalibrated as a function minor allele frequency. This miscalibration has been observed for binary traits and can be attributed to the inability of standard LMM to model differences in disease prevalence 21 . We additionally observed this miscalibration for continuous traits and showed that it is a consequence of unmodeled population variance structure. Though not always apparent in a genome-wide Q-Q plot, this miscalibration can be readily detected by our diagnostic test which operates on summary statistics. ADGLM addresses these problems and association tests with ADGLM are both calibrated and wellpowered for simulated and empirical human data.
The numerous variance associations we observed imply that previously conducted GWAS using LR+PC or LMM have residual population variance structure. , it is not a direct test.
In addition to acting as a statistical confounder, population variance structure has important biological implications, including in medical genetics 64 . Intuitively, differences in phenotypic distribution between populations imply that the fraction of individuals in the phenotypic tails differs between populations, and as such, longer tails may indicate a greater disease burden. As we previously showed, small differences in phenotypic variance between sexes can create large differences in disease liability 13 . Here, we estimate different asthma African ancestry-variance effects for Mexicans (17.2 ± 7.6) and Puerto Ricans (-4.05 ± 2.9).
Mexicans and Puerto Ricans living in the U.S. differ dramatically in their asthma prevalence (8% vs. 22%), which has been referred to as the "Hispanic Paradox"
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. These ancestry-variance associations might partially explain this difference.
In the 1940s, Waddington proposed that phenotypic variability is under genetic control, biological systems evolve to maintain homeostasis under a certain range of environmental or genetic perturbations, and that changing the environment to be outside the normal range will shift an optimum that has been shaped by stabilizing selection over many generations , rather than once per SNP.
In conclusion, we find pervasive population variance structure in multiple human populations. As human studies increase in size and diversity, models that account for population variance structure, such as ADGLM, will be required for interpretable association testing.
ADGLM has utility in studies of non-human model systems and natural populations, which have differences in phenotypic variability among groups and variance effects. By focusing primarily on the effect of genetic variation on phenotypic mean and ignoring its effect on variance, we have been missing an important axis contributing to phenotypic variation and disease emergence. Modeling phenotypic variance with ADGLM will enable discoveries along this axis.
14. Philippi, T., and Seger, J. Tables   Parameters  Discovery rate Row p1 p2 Table 1 : Performance of genetic association tests applied to simulated data. We report false positive rate (∝ = 0.05, rows 1-7) or power (∝ = 5 uv , rows 8-12) of tests of genetic effect ( g ¹ 0) for a range of MAFs (p1, p2) and genetic ( g), ancestry-mean ( ), and ancestry-variance ( 7 2 ) effects. The null hypothesis is true above the double line and false below it. Linear regression (LR) is miscalibrated in the presence of population structure. ADGLM is calibrated and powerful while linear regression with principal components (LR+PC) is often biased or underpowered.
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